Abstract
Introduction
Advancements in mobile technology has created a new set of opportunities for educators and organizations across the globe [1] . Mobile learning (M-learning) defined as an activity in which students use wireless Internet and mobile devices to carry out their learning anytime and anywhere [2] . In fact, the main features that distinguishes m-learning from traditional learning or e-learning is its ability to make learning widely accessible and available [3] . By allowing instance and flexible access to rich digital learning materials, m-learning has become an important learning model which plays a significant supplemental role within formal educational systems [4] .
As increasingly college students possessed personal mobile devices, undergraduate students may be ready to embrace m-learning sooner than K-12 students [4] . Despite mobile devices and 3G networks are commonly available to the college students, m-learning in higher education is still in its infancy or embryonic stage, especially in the developing countries such as China [5] . Thus, in order to ensure the success of m-learning in higher education, it is necessary to understand the factors that determine undergraduate students' intention to use m-learning [6] .
In academic, although m-learning in higher education has recently received considerable attention [7] , the fact remains that much of the scholarly effort has been limited to the notions of instrumentality. To address this problem, the current study attempt to investigate undergraduate students' adoption of m-learning from a customer's standpoint by using the extended unified theory of acceptance and use of technology (UTAUT2) as the theoretical base. In addition, unlike many prior studies conducted their researches in developed countries such as USA, Korea and New Zealand, we examine the determinants of the adoption of m-learning in China. Thus, this study contributes to the literature by extend the UTAUT2 into m-learning context, and offers a sound guideline for m-earning implementation in the developing countries.
Literature Review
In recent years, three literature review-based researches provided important insights into m-learning. First, Hwang and Tsai [1] reviewed the research status of m-learning from 2001 to 2010 based on the papers published in six major technology-enhanced learning journals. Their study indicated that the number of papers has significantly increased during the past decade. Second, using text mining technique, Hung and Zhang [8] analyzed 199 refereed journal articles and proceeding papers from the SCI/SSCI database. They found that m-learning research is still at the early adopters stage, and the most popular domain in m-learning researches is effectiveness, evaluation, and personalized systems. Third, Wu, Jim Wu, Chen, Kao, Lin and Huang [9] took a meta-analysis approach to review 164 refereed journal articles published from 2003 to 2010 in major journal. They found that most studies focus on effectiveness and mobile learning system design.
The above-mentioned reviews indicate that most of studies concerning m-learning have been focused on the effectiveness of m-learning [e.g., 2, 10, 11], and the development of m-learning systems to support student learning[e.g., 12, 13] . For the former, based on the unified theory of acceptance and use of technology (UTAUT), Wang, Wu and Wang [2] examined the factors that affect user intention to adopt m-learning. They found that perceived playfulness, performance expectancy, effort expectancy, social influence, and self-management of learning significantly affect behavioral intention to use m-learning. Based on grounded theory, Baya'a and Daher [14] use an experiment to investigate the perceptions of students regarding their mathematics learning using mobile phones in an Arab-language middle school in Israel. They found that students were positively impressed by using mobile phones in their mathematics learning process. For the latter, using a case study, Huang, Chiu et al. [13] designed and developed a meaningful learning-based evaluation method for mobile learning. They argue that the novel mobile technologies employed were beneficial and meaningful for the learner.
Despite a great deal of previous studies was devoted to understanding m-learning, a careful review of extant literature indicates that little empirical works has been devoted into m-learning from a customer's standpoint, especially in the context of developing countries. Therefore, there is still a need for a thorough investigation into the determinants of undergraduate students' adoption of m-learning from a customer's standpoint, particular in the context of developing countries.
Theoretical background and research hypotheses
Based on UTAUT2 and the researches from learning literature, the present study develops a research model that examines factors that determines undergraduate students' intention to adopt m-learning. Figure 1 
UTAUT2
Based on a review and synthesis of eight theories of technology adoption research, Venkatesh, Morris, Davis and Davis [15] developed the unified theory of acceptance and use of technology (UTAUT) to predict technology usage primarily in organizational contexts. The key constructs of UTAUT are performance expectancy, effort expectancy, social influence and facilitating conditions. During past decade, UTAUT has been applied to the research of a variety of technologies usage and has validated as a robust model in organizational contexts. As increasingly technologies applied to [16] .
Hedonic motivation refers to the fun or pleasure derived from using a technology [17] . In the original UTAUT, the extrinsic motivation associated with technology use decision is represented as performance expectancy. However, modeling users' motivation in case of consumer usage setting, such as m-learning, solely on extrinsic motivation would be an insufficient conceptualization. According to motivation theory, intrinsic or hedonic motivation plays an important role in determining technology use in the consumer technology use context [16] . In fact, hedonic motivation has been found to be a key predictor of technology acceptance in much consumer use setting [18] . In our research context, both extrinsic and intrinsic motivation will positively influence undergraduate students' intention to accept m-learning. Thus, we can hypothesize that:
H1: Undergraduate students' performance expectancy toward m-learning will positively influence their intention to adopt it.
H2: Undergraduate students' hedonic motivation toward m-learning will positively influence their intention to adopt it.
In the UTAUT2 model, effort expectancy is defined as the "degree of ease associated with the use of the system" [15, 16] . The concept of effort expectancy is similar to the constructs perceived ease of use in technology acceptance model (TAM), and complexity in innovation diffusion theory (IDT). The relationship between effort expectancy and intention to use has been validated by many previous studies [2, 15, 19] . In context of mobile learning, Wang, Wu and Wang [2] found that effort expectancy positively influence intention to use mobile learning. Thus, we can hypothesis that:
H3: Undergraduate students' effort expectancy toward m-learning will positively influence their intention to adopt it.
Social influence is defined as "the degree to which an individual perceives that important others believe he or she should use the new system" [15, 16] . The constructs of social influence is represented as subjective norm and social norm in earlier behavioral theories. Social influence has been validated as an important factor in determining intention to use in many different contexts [2, 19, 20] . Yang, Lu, Gupta, Cao and Zhang [20] found that social influence positively affect user's intention to use mobile payment. In context of mobile learning, Wang, Wu and Wang [2] also found that social influence has a positive impact on intention to use mobile learning. In this study, we did not included facilitating conditions in our research model. The reason is that performance expectancy, effort expectancy, and social influence in UTAUT have provide the most consistent explanation for individuals action in accepting mobile technologies [2, 21] . Therefore, we hypothesis that: H4: Social influence will positively influence undergraduate students' intention to adopt m-learning.
In the UTAUT2, price value is defined as "consumers' cognitive tradeoff between the perceived benefits of the applications and the monetary cost for using them" [16] . In consumer use contexts, unlike organizational use setting, consumers usually bear the monetary cost of using a technology. Venkatesh, Thong and Xu [16] suggest that the price value will has a positive effect on intention when consumer perceived the benefits of using a technology are greater than the monetary cost of such use. Thus, the current study added price value as a predictor of intention to use mobile learning. Then, we hypothesis that:
H5: Undergraduate students' perceived price value of using m-learning will positively influence their intention to adopt it.
Limayem, Hirt and Cheung [22] defined habit as "the extent to which an individual tend to perform behaviors automatically". Kim and Malhotra [23] regarded habit as an equal with automaticity. In the mobile technology context, Venkatesh, Thong and Xu [16] conceptualized habit as a perceptual construct that reflects the results of an individual's prior experiences. Despite the different definitions of habit, they share the same idea that the feedback from previous experiences will affect various beliefs and behavioral intention. In the context of mobile learning, if a undergraduate student's automaticity level of using mobile phone is higher, then he or she intention to use mobile learning will more positive than those who with lower automaticity level. Thus, we hypothesis that:
H6: Undergraduate students' habit of using mobile phone will positively influence their intention to adopt m-learning.
Self-management of learning
Self-management of learning refers to the "extent to which an individual feels he or she is self-disciplined and can engage in autonomous learning" [24] . Based on an exploratory study, Smith, Murphy and Mahoney [24] identify factors underlying readiness for online learning for online learning, and formed a two-factor structure: "self-management of learning" and "comfort with e-learning". By review of previous literature, Christensen, Anakwe and Kessler [25] found that there is a negative correlation between the preference of traditional learning methods and receptivity to distance learning. Wang, Wu and Wang [2] found that self-management of learning has a positive influence on users' intention to use m-learning. They concluded that people with better autonomous learning skills are more likely to accept m-learning.
In the context of this study, when an undergraduate student's level of self-management of learning is higher, the relationships between performance expectancy and behavior intention to use m-learning, and between hedonic motivation and behavior intention to use m-learning will be stronger. Thus, we hypothesis that: H7: Undergraduate students' self-management of learning will positively influence their intention to adopt m-learning. H8: Undergraduate students' self-management of learning will moderate the effect of performance expectancy on their intention to adoption of mobile learning. H9: Undergraduate students' self-management of learning will moderate the effect of hedonic motivation on their intention to adoption of mobile learning.
Research method

Instrument
The proposed model includes eight constructs, each of which was adopted from extant studies to ensure the content validity. The items for performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation, and price value were all adopted from Venkatesh, Thong and Xu [16] , and modified to fit our context of mobile learning; Four items for self-management of learning were adopted from Wang, Wu and Wang [2] ; Three items for Habit of using mobile phone were adopted from Limayem, Hirt and Cheung [22] ; We adopted the items of Intention to use M-learning fromVenkatesh and Davis [26] . All items were measured with a seven point Likert scales, ranging from "strongly disagree" (1) to "strongly agree" (7).
As the original items were in English, a back-to-back translation method was adopted to ensure the translation validity. First, the original items were translated into Chinese by a researcher whose native language was Chinese. Another researcher then independently translated the Chinese items back to English. The two researchers further compared the two English versions to assure the consistency. After the questionnaire was formulated, a pilot test of 20 undergraduate students with extended mobile internet usage experience was conducted to further test the wording of the instruments. Based on their comments, some changes were made to the questionnaires to improve the readability.
Data collection
The data were collected from undergraduate students of a national university in eastern china, an area with more mature mobile services infrastructure than other regions of China. All data were collected via a web-based survey. The data collection procedure consisted of three stages. First, all participants were asked whether they use mobile internet services. Only if the answer was positive, the participants would be asked to fill in the questionnaire. Second, they watched two video clips introducing Blackboard mobile learning systems (for instance, what is Blackboard: http://v.youku.com/v_show/id_XMzQ5MTkyNjUy.html, the application case of Blackboard mobile learning systems in ShenZhen university: http://v.youku.com/v_show/id_XNDAwODcwNDQw.html), and one author made a presentation about Blackboard mobile learning systems to all participants. Finally, they completed the questionnaire based on their perception towards Blackboard mobile learning. After scrutinizing the collected questionnaires and discarded those with invalid responses, we obtained 182 valid responses. Table 1 shows the descriptive statistics of the sample demographics. 
Data Analysis and Results
Measurement Model
To assess the psychometric properties of the measures, we first conducted a principal components factor analysis. As shown in Table 2 , eight factors with eigen-values above one were extracted and they altogether explained 81.25% of the variance. In addition, each item is loaded clearly on its factor which suggests good convergent and discriminant validity. A confirmatory factor analysis (CFA) was also conducted to further examine construct reliability and validity. As shown in Table 3 , the standard loadings of each item on its underlying factor are all greater than 0.70. Cronbach's alpha, composite reliability and average variance extracted (AVE) of all factors are higher than 0.70. Thus, all factors in our measurement model had adequate construct reliability and validity. To further assess the discriminant validity, we compared the each construct's square root of the AVE and its correlation coefficients with other constructs. As shown in Table 4 , the square roots of the AVEs were all larger than their corresponding correlation coefficients, suggesting good discriminant validity [27] . We also performed a Harman's one-factor procedure to assess the possible severity of common method bias in our self-reported data. Eight factors with eigen-values greater than one were extracted. The results show that the most significant factor was only12.62%, indicating that common method bias was unlikely in our results.
Structural Model
The proposed model and the corresponding hypotheses were tested using Partial least squares (PLS) (PLS-Graph version 3.01060). Figure 2 shows the results of the hypotheses testing. Specifically, the two hypothesized paths from performance expectancy and hedonic motivation to intention to use m-learning were significant, supported hypothesis 1 and hypothesis 2. A significant relationship was found between social influence and intention to use m-learning, resulting in the acceptance of hypothesis 4. The positive influence of price value on intention to use m-learning was also supported, validated hypothesis 5. Surprisingly, self-management of learning was found to have a negative influence on behavior intention of using m-learning, as well as the negative moderate impacts on the two hypothesized paths from performance expectancy and hedonic motivation to intention to use m-learning. The hypothesized paths from effort expectancy and habit of using mobile phone to intention to use m-learning were not significant. 
Discussion
Interpretation of results
Based on UTAUT2 and previous research from learning literature, the current study examined factors that determine undergraduate students' intention to adopt m-learning. The results of structural equation modeling analysis highlight several interesting findings.
First, the effect of hedonic motivation on intention to use m-learning is greater than that of performance expectancy. This is an interesting finding. In fact, among the all significant paths, hedonic motivation is the most significant factor, as indicated by its path loadings and significance levels. Consistent with Hong and Tam [28] , the findings highlight the importance of hedonic motivation in determining undergraduate student's intention to use m-learning which is often not considered by adoption studies in the organization setting. The results indicated that unlike utilitarian motivation is the primary factor that determines consumer behavioral intention in the workplace context; the hedonic motivation is the most significant factor in the consumer setting.
Second, in consistent with [2] , we also found that social influence has a positive effect on undergraduate student's intention to use m-learning. This finding suggests that influences from friends and important social connections are a critical determinant for undergraduate students' intention to adopt m-learning. The implication is straight, m-learning educators should pay attention to the importance of social influences. They can promote m-learning by leveraging the social pressure from the potential adopters' intimate friends and teachers. We also found the newly added construct, price value exerted a positive impact on undergraduate students' intention to adopt m-learning. Consistent with Venkatesh, Thong and Xu [16] , the current study highlights the importance of price value in college students' decision making regarding m-learning adoption. This finding indicates that the cost and pricing structure of use m-learning have a significant influence on undergraduate students' intention to accept m-learning.
Third, effort expectancy did not found to have a significant influence on undergraduate students' intention to use m-learning. This is consistent to results of some prior studies [29] . One possible reason is that the inherent features of mobile devices, such as small screen and complex keypad, will complicate user input. We also found that the influence of habit of using mobile phone on students' intention to use m-learning was not significant. This indicates that students with a stronger automaticity level of using mobile phone did not mean that they will more likely to use m-learning. The reason may be that students use their mobile phone primary for connecting with people, and the fitness between mobile devices and learning activities is relative low than between mobile devices and communications. Finally, surprisingly, we found that self-management of learning has negative effects on undergraduate students intention to adopt m-learning. This is contrasts to finding of prior studies [2] . One plausible reason may be that self-management of learning reflects an individual's autonomous learning ability, and individuals with a higher level of such learning ability will more likely use the formal education channels, such as traditional offline learning or e-learning, rather than the distractive m-learning. We also found that self-management of learning negatively moderated the relationships between performance expectancy and intention to use m-learning, as well as the relationships between hedonic motivation and intention to adopt m-learning. This suggests that the higher college students' self-management of learning, the less they will perceive utilitarian and hedonic value of using m-learning. Indeed, there are at least three reasons for students with a higher self-management of learning will not likely to use mobile devices for learning [2] . First, many studies argue that some inherent technical limitations of mobile devices, such as the slow network speeds, small screens and keyboard, and inadequate memory, will hinder students' to use m-learning; Second, the pedagogical limitations of m-learning also impede students' to use m-learning, for instance, using mobile phone in class may obstruct student concentration and interrupt normal learning process; Third, students usually use mobile devices for hedonic purpose such as gaming or texting with friends.
Limitations
Like all empirical researches, this study has limitations. First, following the procedure from [4] , we collected data by using the video clips as examples to demonstrate m-learning systems. Participants' responses may have been biased toward the version of m-learning displayed in the video clips. We recommend the future studies to examine perceptions of students who have been exposed to m-learning in their courses. Second, we used date collected from college students. Further studies should investigate college faculty and determine possible differences by comparing faculty's perceptions to students' perceptions.
Theoretical and practical implications
The present study has both theoretical and practical implications. From a theoretical point of view, this study extended UTAUT2 into a new m-learning context. Unlike many extant studies examine the instrumentality influences on students' intention to adopt m-learning, this study expanded our horizon by considering the impacts of hedonic motivation, habit of using mobile phone, and price value on students' intention to adopt m-learning. Moreover, this study examined the direct as well as indirect influences of self-management of learning on students' intention to adopt m-learning. Some interesting findings have raised and created opportunities for future research. Finally, unlike many previous studies examined m-learning adoption in the developed countries setting, this study contributes to the literature by examined the determinants of students' intention to adopt m-learning in China.
From a practical point of view, unlike many prior studies, especially those studies related to traditional IS adoption in organization or work contexts, tended to posit hedonic motivation secondary to utilitarian motivation, this study found that the impact of hedonic motivation on students' m-learning adoption is stronger than that of performance expectancy. The implication for m-learning educators or providers is that they can enhance m-learning adoption by increasing students' perceptions of hedonic value of using m-learning. In addition, we found that social influence also has significant effect on students' intention to adopt m-learning. Therefore, m-learning educators or providers should be aware of the important force of social influences. They can promote m-learning to college students by using the external influences from their social network. Finally, price value also is an important factor that determines students' intention to adopt m-learning. M-learning educators or providers can offer a packaging cost scheme to improve students' perceived price value of using m-learning.
